Abstract: Angel investors invest billions of dollars in thousands of entrepreneurial projects annually, far more than the number of firms that obtain venture capital. Previous research has calculated realized internal rates of return on angel investments, but empirical estimates of expected returns have not yet been produced. Although calculations of realized returns are a valuable contribution, expected returns, rather than realized returns, drive investment decisions. We use a new data set and statistical framework to produce the first empirical estimates of expected returns on angel investments. We also allow for the time value of money, which previous research has typically ignored. Our sample of 588 investments spans the 1972-2007 period and contains 419 exited investments. We conduct extensive tests to explore potential bias in the data set and conclude that the evidence in favor of bias is tenuous at best. Our results suggest that angel investors in groups can expect to earn returns that are on the order of returns on venture capital investments. Estimated net returns are about 70 percent in excess of the riskless rate per year for an average holding period of 3.67 years. This estimate is reasonable compared to Cochrane's (2005) estimate of 59 percent per year for venture capital investments, which tend to be in lower-variance, later-stage projects. Returns have a large variance and are heavily skewed, with many losses and occasional extraordinarily high returns.
Expected Returns to Stock Investments by Angel Investors in Groups

I. Introduction
An angel investor can be defined as a person who provides funds to a private business which does not have publicly traded stock and is owned and is operated by people who are not relatives or friends of the investor. Acting as informal venture capitalists, angels invest billions of dollars in thousands of fledgling companies annually. What returns can these angels expect to receive on their investments? Although previous work has explored realized returns, this paper is the first to obtain estimates of expected returns on angel investments in a form comparable to reported expected returns on stock or venture capital.
Until recently, research on the returns to investments by angel investors and angel groups has been limited because suitably large data sets simply have not been available. For example, Goldfarb, Hoberg, Kirsch and Triantis (2009) have just 32 angel-only investments in their study of private equity, and not all of them are exited investments. The Angel Investor Performance Project recently has produced an informative database on angel investments. In contrast to Goldfarb, Hoberg, Kirsch and Triantis (2009) , these data have 588 investments of which 419 are exited investments.
We use these data to explore the expected returns on angel investments. Our paper is similar in spirit to Cochrane (2005) , who estimates the returns on venture capital investments, and to Barnhart and Dwyer (2009) , who estimate the returns on traded stock in new industries. It differs from Wiltbank (2005) and Wiltbank et al. (2008) because we estimate expected returns rather than realized returns. Thus, our paper combines these strands of the literature by estimating expected returns on angel investments. The distinction between realized internal rates 2 of return and expected returns is critical. Realized internal rates of return do not drive financial decisions. Expected returns drive financial decisions.
II. Prior Literature
Angel investors and their investments are not well documented. This is partly because individual investments tend to be informal, so there is little or no documentation or data. Also, practitioners and academics have not reached a consensus concerning even the definition of an angel investor. Shane (2008 Shane ( , 2009 ) provides a wealth of institutional details along with a good review of angel investors and their investments. Shane shows how the lack of consensus leads to divergent conclusions about the size and nature of the angel market. Our definition is: An angel investor is a person who provides funds to a private business which does not have publicly traded stock and is owned and is operated by people who are not relatives or friends of the investor.
This definition is the same as Shane's (2009, p. 14) except that it explicitly limits angel investors to investors in firms that do not have publicly traded stock.
1 Wiltbank et al. (2008) report that angel investors invest their capital directly in earlystage ventures, in many more businesses than do formal venture capital firms and usually in much smaller dollar amounts. They also note that angel investors are often the first outsiders to supply equity capital to entrepreneurs trying to build a business, even before formal venture capital is obtained. Formal venture capitalists invested less than two percent of the total capital in seed-stage companies during the last ten years. Wiltbank and Boeker (2007a) also report an important trend: individual investors increasingly are forming angel investor groups. Wiltbank and Boeker list several advantages to group membership and investment including shared expertise and diversification. According to 3 the Angel Capital Education Foundation, about 10,000 accredited angel investors belonged to 265 angel groups as of 2007. Shane (2005) reports information gleaned from four focus groups of angel investors.
These angel investors are diverse in their backgrounds, their motivations for investing and in their investment approaches. Not surprisingly, their investments also are diverse. Mason and Harrison (2002) and Wiltbank (2005) are among the first to explore the returns on angel investments. Mason and Harrison's data are for the U.K. and Wiltbank's data are for the U.S. Their results are broadly consistent: returns less than the investment predominate with a few spectacular returns of 100 percent net of investment or even much more. Compared to U.K. returns, U.S. returns are more extreme with more returns less than the investment and more net returns above 100 percent.
Much of the research on angel investors examines management strategies. For example, Wiltbank et al. (2008) examine 121 angel investors who made 1,038 new venture investments.
They distinguish between prediction and control strategies. Investors who use prediction strategies attempt to predict events and position themselves to capitalize on them. In contrast, investors who use control strategies focus on the subset of events that they believe they can control and optimize accordingly. Sarasvathy (2001) suggests that investors have no reason to predict events to the extent that they can control them. Wiltbank et al. (2008) report that angels who use prediction strategies tend to make significantly larger venture investments. Angels who use control strategies have fewer failures. Goldfarb et al. (2009) Goldfarb et al.'s study requires a major qualification: They treat angel groups as venture capital firms. They say that there are "a small number" of such deals. They add that their results are robust to the classification of investor classes. Still, their conclusions may not apply to angel groups. Moskowitz and Vissing-Jorgensen (2002) study the returns on private equity investment.
They report that private-equity returns are no larger and may very well be smaller than returns on public equity portfolios. This is true despite the greater concentration of risk and higher variance of private-equity returns. This suggests a private-equity premium puzzle with private equity paying too little, which is the opposite of the public-equity premium puzzle. For an investor with a relative risk-aversion coefficient of two, private equity held in such concentrated amounts must return ten percent more than public equity portfolios to offer fair compensation for the level of risk borne. Moskowitz and Vissing-Jorgensen report that the shortfall is about $460,000 during the working life of an entrepreneur. They suggest six possible reasons why entrepreneurs might 5 accept this apparent reduction in their wealth. These are optimal contracting and moral hazard, higher risk tolerance, other pecuniary benefits, nonpecuniary benefits, skewness preference and over-optimism.
Our paper is similar in spirit to Cochrane's paper (2005) , which examines the distribution of returns on venture capital investments from 1987 through June 2000. He finds that his sample of venture capital investments has expected proportional returns on the order of 59 percent per year. He concludes that venture capital investments and the smallest NASDAQ stocks have roughly similar returns and return volatilities during his sample period. Barnhart and Dwyer (2009) show that expected returns to investors in stocks in new industries are positive and approximate those of market returns. Ex post returns reflect infrequent but very large gains and frequent but smaller losses, and the payoffs are broadly consistent with a log-normal distribution of expected returns.
III. Data
This paper uses data from the Angel Investor Performance Project (AIPP).
2 Wiltbank and Boeker (2007a) report that these data contain survey responses from 86 angel groups totaling 539 investors who had made 3097 investments. Exits had been achieved for 1137 of those investments. Not all of these investors provided data for the variables used in our analysis. We find 588 useable investments in the data. Of these, 419 have exited. Wiltbank and Boeker discuss non-response bias and other possible problems with survey data but provide evidence that the AIPP data are relatively free of such problems. They conjecture that the most likely source of bias is that respondents might report good investment outcomes and neglect poor outcomes.
Although the response rate by groups is 31 percent, the average response rate of members of 6 those groups is only 13 percent. With such a low response rate, the concern is that responders may not be representative. For example, responders may be those with higher returns. Wiltbank and Boeker, however, report that the distribution of reported returns is similar for groups with response rates of 60 to 100 percent as for groups with a much lower response rates. If the distribution of returns is the same across these groups, then this provides little evidence of correlation of return with reporting frequency.
The potential for sample-selection bias compared to other samples remains, though. The AIPP angels are not representative of angels in general because all of the AIPP angels are members of angel groups and are accredited investors. The restriction of any conclusions to angel groups when the data cover only angel groups is inevitable. In addition, AIPP investments are all equity, whereas Shane (2009, p.80) Because these tests are lengthy, we provide details in Appendix I and a brief summary in the text. There is some evidence of selection bias, but the evidence is far from overwhelming.
The most convincing evidence of bias is the high percentage of AIPP investments that result in an IPO, which may inflate the reported performance of the angel groups that participated in the AIPP. 3 However, implied internal rates of return and return multiples are comparable with 7 figures from other sources, especially on a value-weighted basis. In addition, the data survive several checks designed to detect bias. For example, we might expect larger deals to be less prone to bias because survey respondents are more likely to remember those deals correctly. We find, though, that multiples from deals larger than the median do not differ statistically from those smaller than the median. Deals with more than one angel group member might be more likely to be reported accurately, yet we find no evidence from the number of co-investors that the annual return multiple is biased upward.
The financial variables in the AIPP are the key for our purposes. between the exit proportions of Band of Angels and the AIPP dataset. We have no way to control for these factors.
Most previous work on angel investments uses base multiples, defined as total cash flows to the investor divided by total investments. This has the advantage of simplicity but ignores the opportunity cost of the timing of cash flows. We use present values for all computations. We do this by discounting these cash flows from the year in which they occur to the year of the initial investment at the risk free rate. This means that all expected returns are excess returns: returns in excess of the risk free rate.
Using the risk free rate may seem strange given that angel investments are risky. Our use of the risk-free rate does not mean that our calculations assume that the investor would invest in a risk-free asset if the angel investment were not available. The purpose of discounting is to bring all cash flows to a common date. Appendix II contains the details of the present value calculations.
IV. Issues in Estimating Expected Returns
The purpose of our paper is to estimate the expected returns on angel investments. This is not as simple as it might seem because the observed returns on angel investments are influenced by choices that investors make. What sorts of the choices are they?
A. The Investor's Exit Rule
We assume that investors maximize their expected utility of consumption, which is increasing in the payoff from the investment. We assume that the investment lasts a finite period. 
Making I(t) variable would complicate the algebra without adding any insights. Maximizing equation (2) with respect to T implies that the partial derivative is set to zero, which implies after some rearrangement that
This states that the expected increase in the utility of the value of the project relative to the expected utility of the value of the project equals the discount rate at the end of the project. If the utility of the value of the investment is increasing at a decreasing rate
) and the value of the investment as a function of time is decreasing at a decreasing rate ( ( ) / 0 dS T dT < ), then this solution for the stopping time is a maximum.
Researchers commonly suppose that marginal utility is decreasing in wealth. Even so, it is possible and even plausible that the value of the investment increases at an increasing rate before it starts to increase at a decreasing rate, which could result in the expected increase in marginal utility increasing for a time before it decreases.
Discounting the future value S(T) does not change the basic message. With the value S(T) 10 discounted at the risk-free rate r with ( ) ( )
Although more complex than Equation (3), this represents exactly the same condition evaluated at T.
The choice to exit with zero payoff is not necessarily included in this characterization of the optimal exit time. That choice also will be made if it maximizes expected utility. Exiting the project with a zero payoff can be included by generalizing the condition for exit to ( )
which includes the prior solution for a positive ending value as a special case.
The overall implication is that the exit decision is exogenous. The entrepreneur maintains his investment in the project until it no longer earns the opportunity cost of the investment.
Although the form of the exit may vary, the timing of the exit is exogenous.
B. Computing Expected Returns
Though the computation of internal rates of return from actual investments is straightforward, the calculations are more subtle and complex in the context of expected returns with different project lives. Average internal rates of return per year are average returns per project lasting T years. This is given by
[ ] and Boeker's (2007b) data, average internal rates of return are on the order of 27 percent 11 annually. Expected returns may well be similar to these actual returns, although this is not inevitable.
A large proportion of angel investments return nothing (see DeGennaro, 2010) . Standard
Brownian motion for the value of equity is inappropriate for angel investments because the value of the equity can never be zero if it can be represented as a logarithm. To circumvent this complication we start the analysis from standard Brownian motion for the value of the firm's assets A(t), rather than the equity. The firm's assets consist of debt D and equity S. For analytical purposes, we assume that the firm ceases operations if the value of the firm's assets is less than the value of the debt. This guarantees that the value of assets is non-negative and except for a set of measure zero, positive. The associated diffusion equation and conditions are
where μ is the expected return on the assets, σ is the underlying return volatility and B(t) is a standard Wiener process. Ito's lemma implies that
This can be written in terms of the ratio of the value of equity to debt, f,
which can be rewritten as
If we assume that the ratio of the value of debt to equity primarily is a drift term such as
and that the mean equity return is then the evolution of the value of owner's equity is given by 
where p is the probability that a firm will end with a positive return.
Maximum likelihood is a natural estimator of the expected return. Campbell, Lo and MacKinlay (1996) , Gourieroux and Jasiak (2001) , and Tsay (2002) One benchmark for the return is the average annual return on stocks, which is consistent with using each year of a project as an observation. If one is interested in comparing the expected return in a typical angel investment for a year to stock returns, the returns should be weighted by the number of years that the investment is ongoing. One ten-year project earning 10 percent annually is equivalent to 10 one-year projects earning 10 percent. This is in contrast to computations by Wiltbank and Boeker (2007b) , for example, who weight each investment the 13 same regardless of duration. The maximum invested in projects by a single investor never is more than $5.1 million and the mean is only about $147 thousand. Even this number is misleadingly large: the median amount invested is only about $49 thousand. These are quite small investments by venture capital standards. Cochrane (2005) reports an average of $6.7 million per round in his sample of venture capital investments.
V. A First Look at the Data
The total cash received by investors from exited projects ranges from zero to $33 million and also is heavily skewed to the right, with a mean of $490 thousand and a median of only $42 thousand. Total investments and cash received take no account of the timing of the cash flows and neither does the base multiple commonly used by practitioners. Because of its wide use, we include the base multiple in Table 1 even though it takes no account of the time value of money.
The base multiple computed as the present value of receipts relative to the present value of investment, or PV base multiple, shows the ratio of receipts relative to investment with both valued at a common date. The median PV base multiple is less than one, indicating that more than half the projects return less than their investment. However, the mean PV base multiple is 7.37, well above one. The maximum PV base multiple is 1,333, which is extraordinary.
The net returns and log returns tell a similar story of frequent low returns and infrequent high returns. The net return is the internal rate of return on the project, with all funds discounted back to the investment date at the risk-free rate. The mean net return of the 408 completed projects with a duration of a year or more is 29 percent, but the median is -2 percent with a range from 0 to 3,241 percent. The log returns, which necessarily exclude the completed projects with zero payoff, have a positive median which is less than the mean, but not by as large a value as the net returns.
Aspects of the investments themselves are interesting. The data indicate that investors spend a fair amount of time on due diligence before investing. There is positive skew in these numbers, as there is for payoffs. The mean number of hours of due diligence is 65.4, with a median of only15 and a reported range from zero to 5,000 hours. Surprisingly, the data provide 15 no support for the notion that angel investors tend to invest more time on due diligence as investment amounts increase. How do these angel investors exit from their investments? Table 2 gives the answer. Of the 408 exited projects that last at least one year, 114 have the unhappy result that the firm ceases operation. Selling the firm is by far the most common way that angels earn a return; in 180 cases another company buys the firm and in an additional 20 cases other investors buy the firm. About a quarter as many firms -56 in all -exited by means of an initial public offering (IPO). The fraction of IPOs for these exited firms lasting at least one year is about 13.5 percent, which is relatively high compared to other estimates of the fraction of angel investments that culminate in IPOs. We investigate this in the appendix. Here, we note that 13 of these IPOs have investments in the same company in the same year and exits in the same year. Thirteen members of a group saw a deal, bought in at the same time and later reported the deal to AIPP. If this single deal had exited some other way, then the IPO percentage would drop to just over 10 percent of the exited projects and a little more than seven percent of the full sample. Table 3 shows the net returns and log returns by industry. We aggregate the data into the categories listed in Table 3 . Some of the "industries" listed in Table 3 such as "Business products and services" are in the original data and some such as "Internet" are an aggregation of various industries provided on the questionnaires. About half of the exited projects have industry missing and the industry with the highest net return is "Missing", so not too much should be made of this information. Nonetheless, the distribution of investments is interesting. The largest industries in terms of completed projects are software, consumer products and services and business products and services. Business products and services is the industry with the highest mean return and IT services is the industry with the lowest mean return. Figure 2 shows the log returns for the projects by duration. The underlying data are investments and payoffs, which we have reduced to a common date by the risk-free rate. Figure 2 shows the average log return in excess of the risk-free rate for each exited project by the durations of the projects in years. The range of the log returns decreases as the duration of projects increases, which suggests that the standard deviation decreases. Table 4 shows that the standard deviation does indeed decrease as the duration of projects increases. This is not an artifact of the existence of fewer projects for longer durations. The number of projects with positive payoffs and durations of one to five years is 58, 49, 49, 51 and 33. Actually, the decline in standard deviation is predictable. The annual return for T years can be interpreted as the mean annual return for T years. If the standard deviation of the annual return is constant each year, then the standard deviation of the annualized T-period return is the annual standard deviation divided by T years.
Does the standard deviation diminish in this fashion? Table 4 suggests a qualified yes. Table 4 shows that the one-year projects' standard deviation is outsized relative to other years.
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The standard deviations for project longer than one year ranges from 0.11 to 0.80, which is quite a range but far below the standard deviation for one-year projects. As expected, the underlying annual standard deviations do not tend to decline with duration. Venture capitalists typically invest after angel investors, when risks tend to be lower. Expected returns would be correspondingly lower.
VI. Expected Returns
The AIPP reports the duration of projects which last less than a year as having lasted zero years. The second estimated expected return in Table 5 includes these firms using an estimate of half of a year as the projects' durations. As might be expected, this estimate of 71.4 percent is little different than the expected return based on firms that lasted a year or longer. This is because each observation is weighted by its duration, and six projects that last on average half a year can have little effect given the size of the dataset and the duration of some of the projects. 
VII. Conclusion
Angel investors collectively make extremely large investments in start-up firms. In many cases they are the first outsiders to provide equity to new businesses. Research on angel investments has lagged though, because large data sets have been unavailable or proprietary. The
Angel Investor Performance Project now offers the opportunity to conduct research that previously has been impossible.
Previous research has calculated realized internal rates of return on angel investments.
Although this is an important contribution, internal rates of return are subject to misinterpretation due to nonlinearities and statistical biases. Perhaps more important though, realized internal rates of return do not drive financial decisions. Expected returns drive financial decisions.
Our results suggest that angel investors earn returns that are similar, at least in broad measure, to the returns on venture capital investments and on new industries. We estimate an expected return of about 70 percent per year in excess of the riskless rate. This compares to Cochrane's (2005) estimate of 59 percent per year for venture capital. 
Total investment
Total dollar amount invested in a project.
PV total investment
Total dollar amount invested in a project discounted at the riskless rate.
Years Held
Years between the angel investor's initial investment in the venture and exit from the venture.
Years held so far
Years held for exited projects; the number of years since initial investment in the venture and the survey date for nonexited.
Total cash out
Total dollar amount paid to an investor by a project.
PV total cash out
Total dollar amount paid to an investor in a project discounted at the riskless rate.
Base multiple
Total cash out divided by Total investment.
PV base multiple
PV total cash out divided by PV total investment. Net return (PV Base multiple)
(1/YearsHeld) -1. Log return ln(PV base multiple) /YearsHeld.
Years Invested
Years that the angel investor has been investing.
Years Worked Large
Angel investor's years of work experience in firms with more than 500 employees.
Total Investments
Total number of angel investments that the respondent has made.
Total Exits
Total number of angel investment exits that the respondent has experienced.
Diligence
Number of hours of due diligence the angel investor group conducted prior to making the investment.
This table presents summary statistics for our data for all projects, both exited and non-exited. It presents summary data on the stage at which investments are made, interaction of the investor with the firm, and selected characteristics of the investors. There are 588 observations, of which 419 are exited. Of those 419 observations, 11 observations have durations listed in the data as 0 years, for which net returns and log returns cannot be calculated. In addition, 117 projects have durations of a year or more but have payoffs of zero. For these observations, the log return cannot be calculated. Seventeen projects with durations less than a year are excluded from the averages. This table shows the net return rather than the log return in order to include firms with payoffs of zero. The category "Missing" are firms with computable payoffs and the type of exit is missing in the data. The mean returns are proportional returns in the first part of the table and log returns in the second part. Hence, there are 408 observations in the first part of the table and 291 observations in the second part after excluding 117 projects with returns of zero. The returns are returns per project, not for project-years as are the returns in Table 5 . The industries are our consolidation of the "industries" provided in the survey, which included most of these industries but include for example, "Local bank in Texas". All 291 projects that have positive exit values are included in this table. The standard deviation cannot be estimated in the usual manner when there is only one observation and there is no information in the minimum and maximum. The standard deviation multiplied by the square root of the duration provides an estimate by year of the underlying annual standard deviation of the returns. The first estimate of the expected return uses all projects that last a year or longer. The second estimate includes projects coded as lasting zero years. We interpret zero years as a duration between zero and one year; we use one-half year as a point estimate of the projects' durations. The three extra project-years are six half-year projects, of which five fail. In the estimates, each project is weighted by the number of years' duration. As a result, the six projects that are coded as 0 years in the data and given a duration of 0. Researchers who study stock returns for publicly traded companies are fortunate in that returns data are plentiful. This is not so for angel investments. As is true for other private investments, transactions data are at best difficult to find and potentially unreliable if indeed they can be found. In this section we identify potential problems with the AIPP data, compare values for available returns and other characteristics with other data sources, and speculate on the effect of any biases that may be embedded in the data.
The first problem that users of survey data face is nonresponse bias. Not all people asked to complete a survey do so, and those who complete the survey may differ systematically from those who do not. Wiltbank and Boeker (2007a) report that the response rate of the AIPP is uncorrelated with the return measure, called the base multiple. This argues against the claim that the data are biased and that angels tend to report only good outcomes. Shane (2009) , though, remains cautious. Referring to the AIPP, he says, "...we need to treat studies of the performance of angel investments with extreme caution." One reason for this is that the survey is of angel groups, not the universe of angel investors. Members of angel groups are not representative of angels in general; Shane reports that members of groups tend to be more successful than individual angels. In addition to selection bias, he notes that a sample of exited investments probably overweights established angels because younger groups tend to have fewer exits. Malkiel and Saha (2005) , who study hedge fund returns using the TASS database (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) , face two additional problems related to selection bias. The first is backfill bias (sometimes called incubation bias) and the second is survivorship bias. The idea behind backfill bias is that selection bias is compounded when those who report the data backfill the data on these funds that 33 have done well. This is because hedge funds that have survived tend to have had good results in the years before the recording period, too. In the case of TASS, there is a related bias: Some funds may have reported data to another service previously. When those funds start reporting to TASS they might not report all of the data that they gave to the previous service. Malkiel and Saha say that the difference between backfilled returns and contemporaneous returns is over 500 basis points, which is statistically significant. Neither of these additional sources of bias is likely to apply to the AIPP, though. The AIPP base multiples that we use are total returns on individual investments, not annual returns on funds. As such, they are not subject to backfill bias.
Survivorship bias arises because returns in the database for any period are those of surviving funds. Funds that fail do not report data. This biases reported returns up. Malkiel and Saha are able to obtain the previous returns from some defunct funds and find that the difference between surviving funds and defunct funds is over 830 basis points, which is statistically significant. The AIPP may well be subject to survivorship bias. If so, then the return multiples are probably too high. To check this, we next compare failure rates in the AIPP dataset with venture capital failure rates, as well as comparing AIPP return multiples and implied internal rates of return to those reported by other sources.
How do AIPP failure rates compare to failure rates on venture capital investments?
Our first bias check in the AIPP data set compares angel investment failure rates with those of venture capital. Angel investments are riskier than venture capital investments, so AIPP failure rates should be higher. Puri and Zarutskie (2009) use the Longitudinal Business Database, which tracks all U.S. employer business establishments, which they match to Venture Source and 34 VentureXpert. They define failure as leaving the database without experiencing a firm sale or IPO. Their data begin in 1981. After five years, the failure rate of VC-financed firms is 20 percent and after 10 years it is 28.4 percent. These data are right-censored, though. For firms that received venture capital financing before 1998, the figure is closer to 40 percent. 9 The annual failure rates at that point suggest that the total failure rate increases only slightly over the next few years. They also report results for a "one-to-one matched sample." These failure rates are higher, 31 percent after five years and 36.4 percent after 10 years. Again, the evidence suggests that the cumulative failure rate increases only slightly beyond ten years. These figures are much lower than AIPP failure rates, especially given that the mean AIPP project lasts less than five These private equity failure rates are comparable to those in the AIPP data set. Phalippou and Gottschalg say that their private equity sample has poor performance relative to other assets of similar risk, though. If so, then the failure rates of these other asset classes are likely lower than our sample of (presumably riskier) angel investments.
In short, AIPP failures rates are higher than reported venture capital failure rates and much higher than anecdotal evidence of those rates. Private equity failure rates are roughly Shane (2009, p. 193) Still, computing the comparable value-weighted average from the AIPP data is worthwhile. The value-weighted base multiple of the full sample of 419 exited investments is 2.90, which is a bit less than a quarter of the equally weighted average. The value-weighted average for the years the investments were held is 3.67 (obtained by computing the total amount invested in each project, dividing by the total invested in all projects, multiplying each quotient by the years held, then summing the 419 results). The implied IRR in this case is only 33.7 percent, which is probably not too different from the expected returns on other risky equity 37 portfolios during the sample period. This is especially true given that these 419 investments have all exited and probably will have done better than the nonexited investments in the AIPP, which would reduce the implied IRR in the full sample. Based on these calculations derived from base multiples, we conclude that if the AIPP data are biased at all, then the bias is likely to be small.
What other numbers in the AIPP dataset can we compare? Preston (2007, page 92) gives IRRs and multiples for private equity. We reproduce Table   5 .1 below: Reynolds (2007) reports the results of a survey of informal investors, which he defines as friends, family members and individuals in the personal social networks of the entrepreneurs.
These informal investors report expected return multiples that vary by the size of the investment.
His Table 8 .13 gives the percentage of survey respondents who claim to expect multiples within selected ranges. We can gauge the mean response by multiplying the midpoint of the range by the percentage of respondents who select that range. For investments comparable to the median AIPP investment, informal investors expect a multiple of 6.94 and for the mean the figure is 6.78. These figures are subject to limitations. First, we do not know the expected duration of the investments. Second, the figures might be biased low because the highest range a survey respondent could choose was bounded at 20. Third, there is no way of knowing whether the survey respondents provided an equally weighted expectation or a value-weighted expectation.
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Given these caveats, we can say that these multiples are a little lower than the equally weighted averages in the AIPP data and much higher than the value-weighted average. We conclude that
Reynolds' results do not suggest that the AIPP data are biased, or at least that they are not biased relative to his. This is especially persuasive given that at least most of Reynolds' informal investors are not members of groups and we know that such investors tend to earn less than angel groups.
Additional information about expected returns can be gleaned from the information that angel groups provide to prospective entrepreneurs. For example, the website of Maine Angels, an angel group in Portland, ME (visited December 11, 2008) , says that it typically funds between $100,000 and $2 million, and that, "Candidate companies should also have a high potential for growth and profitability, can provide at least 35% of annual return of investment within five to seven years and have a strategically planned and viable exit." All of the AIPP data are from a period before 2008, so to the extent that expectations shifted between the time of the investments in the AIPP projects and the end of 2008, these data may not be comparable. Still, the mean investment in the AIPP data is $169,089 (median $50,000), and 80 percent of the investments range from about $15,000 to about $300,000. Given that these figures are in nominal dollars, the AIPP data, being earlier, should be smaller, though not by enough to make these investment sizes comparable. A better explanation for the size disparity could be that the Maine Angels' website may refer to the total investment by the entire group. The AIPP data are investments made by individual investors (though the individuals are members of a group). In short, the (individual) In addition, the comparison is not quite as apt as it seems. Band of Angels' figures are for the entire group, while the AIPP data are for individual members within groups. For example, suppose that one member of each of 10 different AIPP groups invests in each of 10 projects and one of these has a successful IPO. The IPO rate for the groups is 10 percent. However, if two members of one group invest in the successful IPO and only one in the other investments, then the group success rate is still 10 percent (1/10) while the AIPP success rate almost doubles to 18 percent (2/11). Band of Angels, which reports figures for the entire group, would report a 10 percent success rate regardless of the number of individual angels who invest in each project.
This proves to be important because many angels in the AIPP data did invest in the same IPO. In fact, 13 of the 56 IPO investments are the same deal. All 13 observations are from members in the same angel group who invested in the same company in the same initial year and exited in the same exit year. All earned the same base multiple. Thirteen members of a group saw a deal, bought in at the same time and later reported the deal to AIPP. If we suppose that this 19.9 percent (117/588 deals), is comparable to these two figures. In addition, Cochran (2005) reports that venture capital investments that receive follow-on funding tend to have done well. If the AIPP data are biased, then we would expect them to have a higher proportion of follow-on investments. However, they do not. Unless the deals in Goldfarb et al. or Mason and Harrison are a biased standard, this stands as evidence that the AIPP data are relatively free of bias.
The number of coinvestors provides another avenue by which to gain insight.
Investments made with a coinvestor are probably less prone to bias because the survey respondent is more likely to be caught reporting biased results. There is, after all, at least one other person who knows about the project (even if he invests different amounts or at different times). In our data this comparison is problematic because there are many missing values for coinvestors. Still, it is worth doing. We find that t-tests show that the base multiple is significantly different between investments with coinvestors and those without (t-ratio = 2.76), and the point estimate suggests that base multiples are higher for deals without coinvestors. This is indeed what we would expect if the data are biased. For annual multiples, though, the t-ratio falls to 1.40. Regression analysis tells the same story. When we regress the base multiple on the number of coinvestors, we obtain a significantly negative coefficient (-0.82, t-ratio = -1.98) . This is consistent with selection bias in the data, which is being mitigated on deals with many coinvestors because the survey respondents are more likely to be caught reporting false data. Yet this evidence of bias also vanishes with annual multiples; the estimated coefficient of -0.70 is not close to being statistically significant (t-ratio = -0.94). This suggests that the regression is simply measuring the relation between the number of coinvestors and the duration of projects rather than the relation between the number of coinvestors and the total return multiple. Deals with more coinvestors do, in fact, tend to be shorter. The results show no evidence of bias.
Summary
What then, does the evidence say regarding bias in the AIPP data? Based on the high percentage of investments that resulted in an IPO, we conclude that the data may contain some biases that inflate the reported performance of the angel groups that participated in the AIPP. The IPO comparison is not particularly apt, though, and the disparity in IPO rates in the AIPP dataset is substantially increased by one deal that attracted 13 individual angel investments. In addition, the evidence of bias is hardly overwhelming. First, the fraction of profitable sales is almost exactly the same as Band of Angels. Second, failure rates are substantially higher than the Brobeck data in Goldfarb et al. (2009) , tilting the evidence of bias the other way. Third, implied internal rates of return and return multiples --which are, after all, the fundamental input to our estimation procedure --are comparable to figures from other sources, especially on a value-46 weighted basis. Finally, the data survive several checks designed to detect bias. The percentage of follow-on investments in the AIPP data, which are correlated with higher returns at least on venture deals, is comparable to figures that other researchers report. Multiples from deals that are larger than the median do not differ statistically from those that are smaller than the median, and although some tests using the number of coinvestors support the claim that base multiples are biased high, there is no evidence of bias in annual multiples. The reason that base multiples without coinvestors are higher than deals with coinvestors is that deals with coinvestors tend to be shorter. The correlation coefficient between the number of coinvestors and project duration is -0.24, with a p-value of 0.004.
Even if the AIPP data are free of bias, this does not mean that they are representative of angel investments in general. This is because the angel groups which participated in the study are not a random sample of all angel investors. Aside from the advantages that members of groups enjoy, the types of investments differ. For example, Shane (2009) reports that many angel investments are debt, whereas all of the deals in the AIPP are equity. Angel investors who are members of groups tend to fare much better than those who are not.
